Abstract: Designing for improved interior comfort and crashworthiness is an important but competing objective in vehicle development. These objectives are linked by common design decisions on allocating a fixed total amount of space, and so they should be addressed together. Such combined optimisation is hindered by the large computational effort required for crash analysis using full-scale vehicle models and by the lack of adequate interior comfort models. In this paper, a driver and rear passenger seating comfort model is combined with a modest but adequate frontal crashworthiness model into an overall system optimisation problem. Solution of the combined problem allows a quantitative investigation into design tradeoffs between comfort and safety. The results suggest that combined optimisation can lead to superior vehicle designs and they motivate more detailed studies with models of increased fidelity.
Introduction
Optimising vehicles for crashworthiness as well as for improved comfort is an important but competing design challenge in developing successful passenger vehicles. The two problems are coupled since certain dimensions are common design variables for both but the problems typically have been studied independently in the literature. In the present study, design decisions for frontal crashworthiness and for interior comfort are combined into a single optimisation problem to explore quantitatively the relevant tradeoffs and to achieve improved designs at the early stages of vehicle development.
Several studies have used ergonomic approaches for car interior optimisation. Klarin and Cvijanovic [1] conducted a statistical survey of car dimensions considering seating postures of 99th percentile human male and 5th percentile female in a local population. This research was updated later in Klarin et al. [2] . Lee et al. [3] used a triangular method to relate three design elements of automobile occupant packaging, consisting of seat, pedals and steering wheel geometries. Caputo et al. [4] employed physical prototyping and virtual reality modelling to improve car design with respect to occupant positioning, comfort, visibility and access to controls for users of different sizes. Porter and Gyi [5] conducted a statistical survey to develop guidelines for optimal driving postures considering comfortable joint angles. Park et al. [6] investigated relations among drivers' physical dimensions, driving postures and preferred seat adjustments based on observed data. Phlippart et al. [7] observed the effects of the geometric relationship between steering wheel and pedal on the driver-selected seat position.
According to the US National Highway Transportation and Safety Administration, frontal impact collisions represent a major percentage of vehicle accidents [8] . Evaluating a vehicle's structural crashworthiness has attracted extensive research in structural mechanics. Several papers have demonstrated that the selection of general dimensions of the frontal rail plays a crucial role in preventing passenger injuries during a crash. Various computational methods applicable under specific circumstances have been explored. For example, Kurtaran et al. [9] employed a finite element model in LS-DYNA [10] to simulate the rail impact problem and generate the energy absorption function to be maximised. The model was used in conjunction with design of experimental techniques to approximate the objective function and compute an improved design. Yang et al. [11] conducted an evaluation study of several different surrogate models for approximation of frontal vehicle impact models. Chen [12] used the global search capability of genetic algorithms (GA) to prove the multi-modality of the frontal crashworthiness optimisation problem and employed a simplified model to reduce the high computational cost of crash simulations in order to make it suitable for GA, which typically requires many objective function evaluations.
Addressing the occupant interior comfort problem involves selection of dimensions that allow easy reach of vehicle controls by the driver, while maximising the space available for occupant access and movement. Addressing the frontal crashworthiness problem involves selection of the main rail general dimensions under specific loading conditions and ensuring that the collapsing parts do not intrude into the passengers' cabin. For a fixed overall vehicle length, space allocated for occupant comfort will compete with space allocated for energy absorption, and so a tradeoff exists between the two design problems.
A note of caution about the accuracy of computer simulations should be made. That is, even when highly sophisticated structural analysis models are used for the body-in-white structure, the prediction capability for crashworthiness is still limited because of the presence of other contributing elements, such as the power-train, accessories, instrument panel and so on [13] , which are difficult to model accurately. Therefore, the simplified models used in this study aim only at supporting preliminary design decisions. Downstream modelling and testing would be necessary to refine the final design.
In the following sections, optimisation models for interior comfort and frontal crashworthiness are derived. The optimisation problems are solved separately using real-coded genetic algorithm [14] . Real-coded genetic algorithms (GA) are accepted in the computer science community as good derivative-free global optimisation techniques. Next, the two problems are combined into a multi-objective optimisation problem and solved using an elitist search NSGA-II, which is an efficient version of multi-objective GA [15] . The solutions obtained are compared to those of the individual problems. The paper concludes with a general discussion.
Design for interior comfort
The design process of cabin interior layout involves the choice of several variables most of which are coupled through non-linear geometric relations. To maximise seating comfort, the general trend is to make the interior bigger and more spacious, while improving reach ability and vision field require a more compact design. Thus, it is apparent there will be some compromise in the comfort attributes.
Model derivation
Optimisation focuses on five design objectives: the driver's ability to reach the steering wheel and the pedals, the driver's seating comfort and vision field, and the rear passenger's seating comfort. Constraints involve geometric relations between human body and vehicle dimensions. Design variables are selected to be the angles of the A-and C-pillars, the cabin overall length, and the x, y coordinates of the driver's hip point, of the rear passenger's hip point, and of the steering wheel's position. The model derivations that follow make use of Figures 1 and 2 . The detailed description of symbols and their nominal values are given in the nomenclature section. [16] The component functions in the objective require the use of an embedded Monte Carlo simulation to compute the maximum joint average strength for the drivers' height distribution in a given population. Maximising the joint average strength means having the body as close as possible to its most comfortable posture while driving. The predicted mean strengths for different joints that are used to construct the objective function are [16] : 
where α e is the elbow angle, α s is the shoulder angle (x-y plane), α t is the driver's torso angle, α k is the driver's knee angle, and G f is the gender adjustment factor. Note that the knee extension function is used both for the driver and for the rear passenger. Since G f does not affect the most comfortable position of the joints, it is taken as a constant and is eliminated from the computations. Also, because the signs of the strengths determine only whether the joint is extended or flexed, the computations are performed using the absolute values of the strengths. Then, the objective function becomes:
where the w i s are constant weights assigned to each objective. The weights can be assumed equal (w i = 0.2) in the absence of a preference structure. Unlike previous studies that use the 95th percentile male-5th percentile female data, the Monte Carlo simulation employed in this study allows the whole population to contribute to the objective function. The objective function is averaged out for a sample population of individuals, whose heights H are normally distributed within an acceptable range.
The following assumptions are made to derive the model constraints: The torso angles are assumed to be equal to the seat angles; the driver and the rear passenger seat angles are assumed to be equal; and, the rear passenger's hip point is assumed to be at the seat corner. Referring to Figures 1 and 2 , the following geometric relations can be derived.
The shoulder location (X S , Y S ) is expressed in terms of the design variables as 
and X SW , Y SW are the steering wheel locations. The elbow angle for reaching the steering wheel α e is computed as 
and the knee angle for the driver α k is found from 
where X P and Y P are the pedal locations. Similarly, the knee angle for the rear passenger (X HB , Y HB ) is found from 
and solving for α kB ,
where
and T S is the seat thickness.
Combined maximization of interior comfort and frontal crashworthiness 173
Next, the eye location (X E , Y E ) is computed as a function of the driver's seat angle,
where H 0 is the height of the vehicle, H 1 is the height the lower part of the A-pillar, and α is the angle of the A-pillar from vertical. Similarly, the X-coordinate of intersection between roof and C-pillar X β is found from
where H 2 is the height of the lower part of the C-pillar and β is the angle of the C-pillar from vertical. Now the required upward visibility (φ 1min ) can be defined as the constraint
similarly, for the required downward visibility (φ 2min ), we have
L 1 is the length of the straight frontal portion of the main rail, and γ is the angle of the frontal part of the car from the horizontal. The constraints on driver and rear passenger seating height or head clearance are 
, tan
h g is the height of the bottom of the car from the ground, and φ 2 is the downward eye rotation.
In the model developed above, there are nine design variables (α, 
Driver's head clearance Since there are no equalities, the problem has nine degrees of freedom.
Optimisation results
The model is optimised using a real-coded GA [14] . Unlike point-wise search techniques, GA progresses by keeping a set of solutions called a population. The initial population is usually just a set of random guesses within the design space. GA then applies a probabilistic selection of some of the designs in the population and recombines them to produce a new population that replaces the older one. The population-to-population progress is often termed as generations. The best design in every population is recorded. Through proper use of selection and recombination and for a sufficient number of generations, the GA has a good chance of reaching the global optimum in the search space. For practical reasons, however, the search is usually stopped after a pre-specified number of generations or after some generations have passed without improvement in the objective function. Note that due to the nature of GA algorithms, constraint activity cannot be determined as conclusively as with gradient-based algorithms. This is a drawback of stochastic global search algorithms, which can be addressed only by increasing the likelihood of activity determination through additional computation (here, more generations).
For the comfort optimisation problem, the population size used was 100 (100 different designs per population), and the algorithm was run for 30 generations. The improvement of the objective function across generations (increase in comfort level) is displayed in Figure 3 and the final design is given in Table 1 . Table 1 Results for comfort optimisation The optimum is physically reasonable and indicates that it is more comfortable to have the occupants seated at a higher hip point level. This is consistent with the observed higher comfort levels of sport utility vehicles with high seating positions.
Variables

Design for frontal crashworthiness
The design objective is to minimise the weight of the frontal main rail while conforming to the frontal crashworthiness and structural strength requirements. The design variables are the general dimensions and cross-sections of the main rail.
Optimisation model
The rail design is modelled as a typical structural optimisation problem. Figure 4 shows the main frontal rail general dimensions and cross-section included in the model. The objective function to be minimised is the weight of the structure. The design is subject to structural constraints on bending and plate buckling stress, as well as bending and torsion stiffness. In addition, constraints related to crashworthiness, such as energy absorption and maximum allowed deformation, are included. Verifying the suitability of the main rail stiffness and buckling characteristics is done through first order models, while crashworthiness of the rails is analysed using a non-linear finite element model in the LS-DYNA commercial simulation package. The finite element analysis is set to simulate the test conditions of the head-on collision in the federal motor vehicle safety standards (FMVSS) 208 test. Due to the geometric symmetry of the vehicle and crash test conditions, the computational effort is reduced by modelling only one of the two main rails.
Figure 4 Frontal crashworthiness model
The objective function and the constraints are given as: Structural weight ( ) ( ) 
Values for the design parameters used in this study (material properties, K bs,allowed , K ts,allowed , δ allowed_1 , δ allowed_2 , e req ) are given in the nomenclature section.
Optimisation results
Optimisation is performed using real-coded GA with a population size of 50 running for 30 generations. The improvement in the objective function (decrease in weight, while maintaining feasibility) is recorded in Figure 5 . The final design is given in Table 2 . Table 2 Results of crashworthiness optimisation Combined length of cabin and frontal part
Variables
The combined problem is posed as a multi-objective optimisation problem, in which the aim is to discover the Pareto set of the design, namely:
subject to:
where the maximisation of comfort is transformed into a minimisation. The optimisation algorithm employed is an elitist NSGA-II, an efficient implementation of multi-objective GA [15] . In NSGA-II, the stochastic selection process employs Pareto-based ranking of the existing designs in the population. As such, in every population of designs, there exists a set of non-dominated designs. Recall that a design is Pareto-dominant when there is no other design in the population that is strictly better in terms of all objectives. As the search progresses from generation to generation, the non-dominated designs are driven closer and closer to the true Pareto set of the problem. Near-Pareto designs can be efficiently generated (one GA run produces a complete set of designs) without the need for the use of scaling weights to combine the different objectives into a substitute scalar one.
The population size chosen is 60, and the multi-objective GA is run for 30 generations. Figure 6 shows the progress of the multi-objective GA. The horizontal axis of Figure 6 is the negative of the comfort objective f 1 , while the vertical axis is the crash objective f 2 . As such, the best designs in terms of both objectives are those closer to the lower left corner. The non-dominated designs sets computed after the 5th, 10th and 30th generations are displayed in the figure. In the later generations, the designs move closer to the lower left corner. The non-dominated set of the last generation is considered an acceptable approximation of the true Pareto set. Three designs from that set that demonstrate the tradeoff between the two objectives are displayed in Table 3 . Design #2, in particular, offers good performance for both objectives and provides a useful insight to the vehicle designer. Figure 6 Search progress of NSGA-II in discovering better undominated design sets Table 3 Results of combined comfort and crashworthiness optimisation In order to explore further the tradeoff between the comfort and crashworthiness objectives, the linking constraint g 13 is tightened further using bounds of 3.4 m and 3.5 m instead of 3.6 m. Figure 7 shows the corresponding tradeoff sets of non-dominated designs (obtained after 30 generations of NSGA-II). Tightening the constraint moves the Pareto set further away from the lower left corner and emphasises the tradeoff between the objectives. On the other hand, if the constraint can be relaxed, the Pareto designs tend to draw closer together, which agrees with the basic understanding of the problem: If it is possible to relax the constraint to the extent that it becomes completely inactive, the problem will become uncoupled, and the Pareto set will collapse into a single optimal design, the utopia point. As noted earlier, activity of g 13 is inferred by the closeness to the bound and intuition, rather than by the more concrete evidence derived from optimality conditions satisfaction in the gradient-based algorithms. 
Conclusion
This paper presented simplified, yet insightful, models for vehicle comfort and frontal crashworthiness. The models were employed to assess the benefit of combining both optimisation problems, since most often these problems have been tackled separately. The study presented a systematic way of combining the problems within a multi-objective framework that allows the vehicle designer to explore the tradeoffs between comfort and crashworthiness. The simplified models are suitable for early estimates in the design process, but the same procedure can be applied to more sophisticated, higher fidelity models in downstream detailed design. The main difficulty with higher fidelity models is the high computational cost, which makes them suitable for use in late refinement studies with a limited number of iterations.
